Abstract
Introduction
There has been an extensive use of steel-concrete construction in high-rise building frames. The monolithic action of concrete slab and steel beams leads to the composite beam action (Fig. 1 ). There may be cracking of concrete slab of composite beams near interior joints where moments are higher than cracking moments. The time effects of creep and shrinkage in the concrete may lead to further progressive cracking and aging moment redistribution. Creep and shrinkage result in increase in elastic moments at joints [1] [2] [3] . The increase in moments at joints is primarily due to shrinkage, the contribution of creep being much smaller [1] [2] [3] . However, cracking in concrete results in lesser increase in moments as the portion of the concrete undergoing creep and shrinkage reduces [4] [5] [6] . Methods are available in the literature for instantaneous and time-dependent analysis of the beams and frames, which take into account these moment redistributions. For instantaneous analysis, conventionally either an incremental or an iterative approach [1] is used which requires subdivisions and thereby numerical integration. The computational effort required in numerical integration may be considerable in case of large structures. For time-dependent analysis of composite structures, a large number of methods are available in the literature and they may be categorized in two types. Type 1 methods are numerical in nature and require large computational effort [6] [7] [8] [9] and Type 2 methods are analytical in nature and are computationally efficient but these methods do not take into account all the aspects [4] [5] 10] . A hybrid analytical-numerical procedure has been developed by the authors to take into account the nonlinear effects of concrete cracking and time-dependent effects of creep and shrinkage in composite frames [3] . The procedure is efficient but the computational effort may again become considerable for large composite building frames. This effort may be many times more than that required for the elastic analysis (neglecting cracking and time effects in concrete). The use of neural network models may be made to drastically reduce the computational effort in such cases.
Soft computing techniques (neural networks, genetic algorithms etc.) have been extensively used in the field of structural engineering for prediction of the parameters without any rigorous analysis and experiments [11] [12] [13] [14] [15] . Many researchers have proposed the closed form expressions using the weight matrices and activated function of the trained neural network. Some of the closed form expressions obtained from the trained neural networks include determination of distortional buckling stress in cold-formed steel members [16] , estimation of ultimate pure bending of fabricated and cold-formed steel circular tubes [17] , prediction of base shear of steel frame structures [18] , estimation of distortional buckling stress in elliptical hollow section tubes [19] , evaluation of deflections in composite bridges considering flexibility of shear connectors, concrete cracking and shear lag effect [20] and prediction of effective moment of inertia in reinforced concrete beams [21] . Such closed form expressions are useful to predict the parameters in every day design with acceptable accuracy. These studies reveal the strength of neural networks in predicting the solutions of different structural engineering problems.
Neural networks have been used to predict the design quantities in steel-concrete composite structures also including bending moments and deflections in continuous composite beams considering concrete cracking [22] [23] , deflections in continuous composite beams and frames considering cracking and time effects in concrete [24] [25] . Pendharkar et al. [26] have developed the neural networks for prediction of bending moments in composite frames considering cracking and time effects in concrete. However, these neural networks do not take into account the sagging moments developed in beams due to the substantial differential shortening of adjacent columns of high rise frames. The neural networks are therefore valid for low to moderately high frames and have limited applicability.
In this paper, a methodology has been presented for rapid prediction of inelastic moments in high-rise composite frames. The closed form expressions, obtained from the trained neural networks, are proposed to predict the inelastic moments, M i (typically for 20 years, considering cracking and time effects in concrete) from elastic moments, M e (neglecting cracking and time effects in concrete). M e can be obtained from any of the readily available software and requires little computational effort. The training, validating, and testing data sets are generated using an analytical-numerical hybrid procedure of analysis [3] . The expressions also take into account the sagging moments developed in beams due to the substantial differential shortening of adjacent columns in high-rise frames. The proposed expressions are verified for example frames of different number of spans and storeys and errors are shown to be small. The expressions can be used in every day design as they enable a rapid prediction of inelastic deflections with reasonable accuracy for practical purposes without detailed complex analysis and require computational effort that is a fraction of that required for the available methods in the literature.
Analysis of composite frames
For generalized and efficient neural networks, a huge number of training data sets are required; for the generation of which, a highly efficient method is desirable. A hybrid analyticalnumerical procedure has therefore been adopted which takes into account the nonlinear effects of concrete cracking near interior joints and time-dependent effects of creep and shrinkage in composite frames [3] . The procedure is analytical at the elemental level and numerical at the structural level. A cracked span length beam element, consisting of two cracked zones of length x A and x B at the ends A and B respectively and an uncracked zone in the middle (Fig. 2) , has been used in the procedure [3] . For a completely cracked span length beam element of total length L, x A and x B would be equal to L/2 and for a completely uncracked beam element x A and x B would be equal to zero. Slip at the interface of the concrete slab and the steel section is neglected assuming that shear connectors are at a sufficiently close spacing. The effect of slip has been reported to be small in comparison to the time-dependent deformations [27] . The analysis in the hybrid procedure is carried out in two parts. In the first part, an instantaneous analysis is carried out using an iterative method. In the second part, a time-dependent analysis is carried out by dividing the time into a number of time intervals to take into account the progressive nature of cracking of concrete (Fig. 3) . As shown in figure, crack lengths are assumed to be constant in a time-interval and revised at the end of each time interval. The aged-adjusted effective modulus method, AEMM [28] is used for predicting the creep and shrinkage effects which has been used earlier also for composite frames [29] . CEB-FIP 90 [30] is used for predicting the short term as well as time-dependent properties of the concrete. The procedure has been validated by comparison with the experimental, analytical, and finite element method results [3] .
Probable structural parameters
As stated earlier in section 1, instantaneous cracking in composite beams of high-rise frames occurs in the end portions (where hogging moments occur) when tensile stresses are higher than the tensile strength of concrete. This instantaneous cracking may further progress due to time effects. The elastic bending moment, M e at an instantaneous stage gets redistributed due to cracking and there is a further redistribution owing to time effects of creep and shrinkage leading to M i at a final stage (typically 20 years).
Consider an intermediate floor of a frame with the loading (Fig. 4a) . The nature of elastic moment diagram and inelastic moment diagram at a joint, j of an intermediate floor of a frame is shown in the Fig. 4b .
Since cracking and creep and shrinkage effects, in the type of frames being considered, are confined to beams only, it may be postulated based on the studies on the composite frames [26] , that in order to establish redistribution of moment at a joint j with sufficient accuracy, cracking at the joint and adjacent joints (joint j and joint j + 1) only needs to be considered. Keeping this in view, the following input parameters for an internal joint j of a frame are identified as: 
where E = modulus of elasticity of concrete, and I un = transformed moment inertia of composite section about top fiber, the reference axis), 6. Load ratio of the adjacent spans at joint j , w j-1 /w j , ,
Composite inertia ratio, I
cr / I un (I cr = transformed moment of inertia of steel section and reinforcement about top fiber, the reference axis), 8. Age of loading, t 0 , 9. Grade of concrete, Gr. In order to incorporate sagging moments developed in beams due to the substantial differential shortening of adjacent columns which are likely to be observed in high rise frames, the negative values of the structural parameters
It may be noted that the ratio of beam stiffness to column stiffness is not taken as an input parameter; since in the output parameters 
Inelastic moment
All the neural networks are trained for a particular value of relative humidity, RH (= 85%). The output parameter for other values of relative humidity can be estimated in a manner similar to that explained by Pendharkar et al. [26] .
Architecture of neural network models
The neural networks chosen in the present study are multilayered feed-forward networks with neurons in all the layers fully connected in feed forward manner (Fig. 6) . Various algorithms and activation functions are available in the above discussed literature. However, the back propagation algorithm has been used successfully for many science and engineering applications and is considered as one of the efficient, popular and successful algorithm in engineering applications [31] [32] . Therefore, the back propagation algorithm along with sigmoid activation function is used for this study. The back propagation algorithm updates the weight and bias values to achieve a desired input-output relationship in each of the iteration that generates output values which are closer to the target values. MATLAB Neural Network tool [33] has been used for training, validating and testing of the neural networks. One hidden layer is chosen and the number of neurons in the layer is decided in the learning process by trial and error.
First, consider the neural network model for an internal joint. As stated earlier in section 2, the neural network model consists of nine input parameters and two output parameters. The nine input parameters are:
cr / I un , t 0 and Gr and the two output parameters are: Two neural network models, one each for external joints and internal joints and designated as Net-E, and Net-I, respectively, are trained. Input data sets are chosen to cover the entire practical range of parameters and sufficiently large number of values of each of the parameters. The training, validating, and testing data sets, typically for interior joint, consist of nine input parameters and two output parameters. In order to have specified values of nine input parameters of a data set, an iterative procedure needs to be followed. The variables, for the data generation frame, are seven span lengths, seven corresponding loadings on the spans, cross-sectional properties, grade of concrete and age of loading in the hybrid analytical-numerical iterative procedure [3] . The values of the variables are adjusted in such a manner that the specified values of nine input parameters are achieved. Similar exercise is done for exterior spans with six input parameters.
Total 8,640 and 18,600 data sets, in the practical range of the parameters, are generated for Net-E, and Net-I respectively. To bring all non fictitious input parameters and output parameters in the range -1.0 to 1.0, the input as well as the output parameters are divided by the normalization factors given in Table 1 . As stated earlier, the training is carried out using the MAT-LAB Neural Network tool [33] . For each network, 70% of the data sets are used for the training (as training patterns) whereas 15% of the data sets are used for the validating and testing each. For this partitioning, 'hold out method' [34] , in which partitioning is done randomly, has been adopted. For training, several trials are carried out with different numbers of neurons in the hidden layer. Care is taken that the mean square error for test results does not increase with the number of neurons in hidden layer or epochs (overtraining). The architectures of the two optimum networks (number of input parameters-number of neurons in hidden layer-number of output parameters) along with the statistical parameters i.e. mean square error (MSE), mean absolute percentage error (MAPE), average absolute deviation (AAD), square of coefficient of correlation (R 2 ) and coefficient of variation (COV) of training, validating and testing data sets are given in Table 2 . All parameters indicate a good performance.
Closed form expressions
For the ease of practicing engineers and users, it is desirable to propose simplified closed form expressions for the prediction of moments. The trained neural networks may be used to develop the required closed form expressions. Since the sigmoid function has been used as the activation function, the outputs O 1 (= [20] [21] where, q is the number of input parameters; r is the number of hidden neurons; bias k is the bias of k th hidden neuron (h k ); bias o1 ; bias o2 are the bias of output neurons; The inelastic moments at left and right side of joints are then given as
The value of O 1 and O 2 may be obtained as given in Appendix A. 6 Verification of neural networks models Trained neural networks are verified for two example frames of 50 storey-5 bay (EF1) and 20 storey-10 bay (EF2) with a wide variation of input parameters (Fig. 7) . Example frames have been chosen in such a way that none of the combinations of input parameters has been used in the training, validating and testing. Span lengths and load intensities of the frames are given in Fig. 7 and Table 3 . The floor height and age of loading are taken as 3.0 m and 10 days respectively for both the frames. In both the frames, 1000 mm wide and 70 mm thick concrete slab with M32 grade of concrete and a steel I section with a cross-sectional area of 5.14 × 10 Results are compared for typical floor levels 10, 30 and 40 of the frame EF1 and for typical floor level 15 of the frame EF2. The network Net-E is used for external joints, whereas network Net-I is used for internal joints. Table 4 shows the values of the normalised input parameters for the external and internal joints of the frame EF1 and EF2. As stated earlier, these parameters are in different permutations than those used in training, validating, and testing. Table 5 shows the values of elastic moments, M obtained from the hybrid procedure and the neural networks for both frames. For the frame EF1, the maximum absolute error in the prediction of inelastic moments is 4.73% for exterior joints and 10.83% for interior joints which is acceptable for practical design. Similarly, for the frame EF2, the maximum absolute error in the prediction of inelastic moments is 8.06% for exterior joints and 10.23% for interior joints which is also acceptable for practical design.
This shows the efficacy of developed neural network models for high-rise frames with any number of spans and storeys.
Conclusions
In this paper, the closed form expressions have been presented for rapid prediction of the inelastic moments in high-rise steel-concrete composite frames, from the elastic moments. Two neural network models, Net-E and Net-I, applicable for exterior joints and interior joints respectively, have been developed to obtain the close form expressions. These expressions take into account cracking and time-effects (i.e. creep and shrinkage) in concrete as well as the sagging moments developed in beams due to the substantial differential shortening of adjacent columns in high-rise frames. The expressions have been verified with example high-rise frames. The overall root mean square percentage error for both example frames, considered for validation is 5.66% for all exterior and interior joints, which is acceptable for practical design. The proposed expressions can predict the inelastic moments, in high-rise composite frames, with reasonable accuracy from the elastic moments, which in turn, can be obtained from any of the readily available software. The computational effort required is a fraction of that required for the available methods. The closed form expressions are applicable for high-rise composite frames of any number of spans and storeys.
The methodology of the present study can be developed further for rapid prediction of inelastic deflections in high-rise composite frames also where the effect of axial shortening of the columns is significant. 
Notations

